Abstract: Mangroves are found throughout the tropics, providing critical ecosystem goods and services to coastal communities and supporting rich biodiversity. Globally, mangroves are being rapidly degraded and deforested at rates exceeding loss in many tropical inland forests. Madagascar contains around 2% of the global distribution, >20% of which has been deforested since 1990, primarily from over-harvest for forest products and conversion for agriculture and aquaculture. While historically not prominent, mangrove loss in
Introduction
Mangrove ecosystems provide a diverse range of goods (e.g., food, medicine, construction materials, fuel) and services (e.g., storm and erosion protection, water filtration, faunal breeding, nesting, nursing, and feeding grounds) to coastal communities, support high levels of biodiversity, and sequester significant amounts of CO2 in intertidal areas in over 120 countries between 30° N and S latitude [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] . Regardless of their value, global mangrove loss has been rapid and widespread over the past several decades with annual estimates at 1%-2%, exceeding deforestation and conversion rates in many inland tropical forests [6, [21] [22] [23] [24] [25] . Substantial portions of the world's remaining mangroves are already degraded and if current trends progress unimpeded, many of these ecosystems may functionally collapse within this century [22, 26, 27] . While variable by country, principal anthropogenic drivers of loss involve conversion for small-to industrial-scale agriculture and aquaculture, over-harvest for forest products, coastal development, and the erosion, sedimentation, and siltation caused by upstream terrestrial agriculture and deforestation [28] [29] [30] [31] [32] [33] [34] [35] [36] [37] . Natural processes and events including forest succession and sedimentological processes, tropical storms, and sea-level rise are also significant drivers of mangrove dynamics, and as the global climate continues to change, the frequency and magnitude of extreme weather events and the impact of the rising sea-level are expected to increase [6, 11, 25, 28, 34, [37] [38] [39] [40] [41] [42] .
Contemporary information on the extent and status of mangroves is required to understand dynamics for effective management and decision-making and can be provided through mapping and monitoring using remotely sensed data [15, 43] . While there is an ever-increasing diversity of remotely sensed data sources, the freely available Landsat satellite image archive extends back >40 years and is proven for identifying and inventorying mangrove extent and loss, and stratifying mangrove areas based on dominant ecological properties [44] [45] [46] [47] [48] [49] [50] [51] [52] [53] [54] [55] [56] .
As of 2010, Madagascar contained approximately 2% of the global mangrove distribution, covering an estimated 2100 km 2 primarily along its west coast, representing Africa's fourth-largest extent [10, 52, 57, 58] . As throughout much of the world, in parts of the country, Madagascar's mangrove ecosystems are being rapidly degraded and, in some areas, converted for small-and industrial-scale agriculture and aquaculture or clear-cut for forest products (e.g., charcoal and timber). In northwestern Mahajamba Bay, mangrove modification and conversion are comparatively not yet widespread, but increased degradation and deforestation have been observed in recent years. For Madagascar, existing national-level maps derived from Landsat data allow for quantifying long-term mangrove dynamics, but lack the detail required to partition individual ecosystems based on ecologically distinct mangrove types associable with dissimilar carbon stock estimates. While several studies have used Landsat and spatially finer data for localized mapping of Mahajamba Bay's mangroves (e.g., [59] [60] [61] ), the resulting information is out of date and also lacks the detail required to stratify based on ecological properties associable with distinct carbon stocks.
Here, we analyze existing national-level mangrove data to calculate dynamics for Mahajamba Bay. Socioeconomic research is used to contextualize the anthropogenic and natural drivers of loss. Employing Landsat data, we produce a contemporary (circa 2011) map of multiple ecologically distinct mangrove types and surrounding terrestrial land-cover types. Using this map to delineate mangrove strata and establish a network of field plots, we provide the first-ever above-and below-ground carbon vegetation stock estimates for Mahajamba Bay's mangroves and compare them with other published values in Madagascar (i.e., Ambaro-Ambanja Bays), elsewhere in the Western Indian Ocean (WIO) (i.e., Mozambique), and throughout the tropics (i.e., Mexico and Micronesia).
Experimental Section

Study Area
The area of interest (AOI) encompasses the marine and terrestrial extent below 30 meters (m) elevation within a seven kilometer (km) coastal buffer of Mahajamba Bay (centered at latitude 15°24′27″ East, longitude 47°05′13″ South) (Figure 1 ). Mahajamba Bay is at the convergence of two major coastal rivers, the Sofia and the Mahajamba, and according to Giri [58] , contains Madagascar's largest mangrove ecosystem, totaling >26,000 hectares (ha). The Bay is a tidal plain, inundated twice daily by sea water with a tidal amplitude of 1.5-3 m (4-4.5 m during spring tide) and average surface water salinity from 25 to 45 per thousand [59, 60] . Mean annual precipitation is approximately 1500 millimeters (mm), falling mostly from November to April [60] . The comparative abundance of rainfall and exposure to fresh river water contributes to the higher stature of the mangrove trees than those further south [57, 62] .
Except the approximately 800 ha of mangroves within the area leased by Aquaculture de la Mahajamba (AQUALMA), mangroves in the AOI are state-owned and regionally managed. Throughout their distribution, commercial exploitation is officially forbidden. Local communities are, however, permitted to extract forest products for self-consumption as part of their traditional user rights. As of 2001, the population of the six municipalities (i.e., communes) surrounding Mahajamba Bay was estimated at 57,700 [63] . Based on an inventory of settlements carried out in March 2015, using both local knowledge and Google Earth imagery, approximately 19,000 people spread across 170 villages and hamlets are permanent or temporary residents of the Bay's shores. As of 2001, farming was the primary economic activity for more than two-thirds of the population (69%), followed by fisheries (27%). Manufacturing and other activities employed the remaining 4%. The area is characterized by high poverty rates, with nearly half the population considered either "poor" (40%) or "extremely poor" (5%) [63] . Primary development constraints include the lack of a reliable road network, and access to healthcare and education services. Fishing communities living in remote settlements also have scarce access to potable water and markets. In the AOI as throughout much of coastal Madagascar, the livelihoods of coastal communities are reliant on healthy, intact mangrove ecosystems. With minimal governance, a rising population, and other external and internal factors contributing to increasing economic pressures, anthropogenic activities and, thus, pressure on mangrove and related fisheries resources continue to grow in their range, frequency, and magnitude. 
Review of Existing Maps and Calculation and Contextualization of Mangrove Dynamics
Several studies employed remotely sensed data to characterize Mahajamba Bay's mangroves [59] [60] [61] : Rasolofoharinoro et al. [59] used Satellite Pour l'Observation de la Terre (SPOT) data to delineate seven intertidal vegetation zones, including four mangrove classes (i.e., pioneering, dense mature, decaying, back) circa 1986 and 1993; Pasqualini et al. [60] employed a combination of SPOT and radar data to map 10 coastal ecosystem types for 1993, including four mangrove types as defined by their morphological (i.e., frontal, interfluvial) and dynamic (i.e., mature, recessive) properties; Guillet et al. [61] [66] produced forest cover maps using Landsat for 1973, 1990 , and 2000, which included a mangrove category. Employing methods described in Giri and Muhlhausen [57] , Landsat data were used by Chandra, Giri and associates to delineate two categories (mangrove and non-mangrove) for 1973, 1990, 2000, 2005 , and 2010 [58] . National-level data-sets were compared with references to contemporary Landsat data, finer spatial resolution imagery, and preliminary field observations to establish which offered the most representative information. Given that Google Earth imagery was not available after 2005 for most of the AOI, eight WorldView-2-2 (DigitalGlobe, Longmont, CO, USA) and Quickbird scenes offering partial coverage from 2010 to 2012 were acquired for detailed reference through Spatial Solutions, Inc. (Bend, OR, USA). The most representative maps were used to calculate mangrove dynamics (i.e., loss, gain, and persistence).
To contextualize dynamics, socio-economic research was undertaken within all six communes surrounding Mahajamba Bay during field visits in June and August 2012. Research was undertaken through focus group discussions, participatory mapping sessions, and interviews with a diverse cross-section of members of mangrove-adjacent communities. The methods used adhered to guidelines from the Social and Biodiversity Impact Assessment (SBIA) Manual for Reducing Emissions from Deforestation and Degradation plus sustainable management of forests, conservation of forest carbon stocks and enhancement of forest carbon stocks (REDD+) Projects [67, 68] . model [69] was employed to estimate the effects of absorption by atmospheric gases and Rayleigh scattering, remove systematic atmospheric haze, and convert image units to at-surface reflectance.
Remotely Sensed Data: Acquisition and Pre-Processing
The bounding extent of the AOI was defined based on distance to coastline as a mangrove habitat requirement [50, 53, 70] (Figure 1 ). Reducing the portions of the AOI to be classified can raise classification accuracy by lowering spectral confusion among mapped classes [52] . Based on numerous studies that demonstrate the utility of SRTM data for estimating mangrove forest canopy heights (e.g., [71] [72] [73] [74] [75] ), an SRTM height mask further eliminated scene components through a 30 m elevation threshold, above which mangrove habitats and surrounding ecosystems were observed not to be found. The 30 m threshold was arrived at based on existing mangrove distribution maps, finer spatial resolution imagery, preliminary field-recorded height measurements, and a similar approach taken for Madagascar's mangroves by Jones et al. [56] . 
Definition and Refinement of Mangrove and Surrounding Land-Cover Types
Unsupervised classification of remotely sensed data is a typical preliminary step used for mapping mangroves and closely related ecosystem types [52, 54, 56, 57, 73, 74, 76, 77] . Using an unsupervised iterative self-organizing classification algorithm (i.e., ISOCLUST), the pixels in the Landsat TM image were grouped together into dominant cover types based on their shared spectral properties in bands 1-5 and 7. The resulting preliminary classification was also used to remove areas dominated by water and shadow. Dominant mangrove and other cover types were then labeled and aggregated iteratively, making reference to existing maps and WorldView-2-2 and Quickbird data. While there is tremendous variability in the term "mangrove", here we refer to salt-tolerant halophytic trees and shrubs found in tidal/intertidal zones [78] . Mangrove type definitions were based on broad categories typified by spectral differences attributed to tangible ecological properties such as canopy-cover, stature, and density ( Table 1 To assess the representativeness of and refine mangrove and surrounding land-cover categories, a preliminary field survey was conducted in June 2012. A stratified random sampling approach was employed, wherein potential plot locations were randomly targeted within dominant mangrove and other land-cover types based on preliminary classification results. In total, 43 100 × 100 m (i.e., ha-sized) nested preliminary plots were established within five dominant mangrove types (Table 1; Figure 2 ). Ha-sized plots were used to confidently locate areas representing spectrally distinct mangrove types within the Landsat image. Within each preliminary plot, tree height, species dominance, stature, age, density and canopy-cover, micro-relief, level of tidal-inundation, and the presence of natural and anthropogenic disturbance were recorded qualitatively. Within five systematically located 10 × 10 m sub-plots, the diameter, height, and crown dimensions of trees were recorded using a Vertex hypsometer for representative examples of each mangrove species present. In addition, litter, understory, regeneration, stumps, and standing dead-wood were inventoried, and canopy-cover was quantified using a densiometer. Preliminary plots were used as classification reference data to facilitate both calibrating the spectral properties of different mangrove types for image classification (i.e., calibration) and assessing the accuracy of the resulting map (i.e., validation) ( Table 1) . Classification reference data were also defined based on plots established within seven non-mangrove classes (Table 1) , wherein field notes and photographs recorded variability and confirmed representativeness. At all plot centers, a Garmin GPSmap 62sc GPS (Garmin International, Inc., Olathe, KS, USA) unit was left recording during the duration of measurements. Following the first field mission, additional classification reference areas were located in WorldView-2-2 (DigitalGlobe, Longmont, CO, USA) and Quickbird imagery (DigitalGlobe, Longmont, CO, USA) for all mapped categories, based on the familiarity gained with the appearance and location of target classes. In total, 243 classification reference areas, all of which were 3 × 3 Landsat pixels (i.e., 90 × 90 m) in dimension, were spread throughout the AOI and randomly partitioned to facilitate both calibration (i.e., 163) and validation (i.e., 80) (Figure 2) . Examples of mapped classes as they appear in moderate spatial resolution Landsat data and fine spatial resolution WorldView-2 and Quickbird data are shown in Figure 3 . 
Image Classification and Map Production
Using the statistical properties of the spectral values in Landsat TM spectral bands 1-5 and 7 of classification reference areas to define membership criteria, the maximum likelihood (ML) classification algorithm was employed to produce a map of class distributions. The robustness of the ML routine for classifying mangrove habitats with Landsat-like data has been repeatedly demonstrated [53, 55, 56, 59, 72, [79] [80] [81] [82] [83] [84] . Following image classification, map accuracy was assessed with a confusion matrix, which cross-tabulates independent validation data against mapped classes. The Kappa index of agreement was also used to quantify how much better than random the map was [85] . Map accuracy was further assessed using a geographically explicit grid, allowing for comparisons with existing maps and finer spatial WorldView-2 and Quickbird data to identify additional errors.
Mangrove Carbon Stocks
Using adaptations of methods proposed by the Centre for International Forestry Research (CIFOR) as described in Kauffman and Donato [86] , carbon plots were systematically established within each mapped mangrove strata during a second field visit in August 2012. Several potential plots were eliminated from consideration in advance owing to their inaccessibility, proximity to class transitions, and/or map error. , all trees with a diameter <5 cm were measured. Throughout the entire plot, all trees with a diameter >5 cm were measured. Tree measurements included height, diameter, species type, and quality of lead stem from which plot-level density, stature, biomass, and species dominance were calculated. For standing dead trees and stumps, height and diameter were recorded to characterize the presence of natural and anthropogenic degradation. Seeds and saplings (i.e., regeneration), lying dead wood, leaf-litter, epiphytes, and under-story were also inventoried, but qualitatively, as their potential carbon stocks were thought to be negligible [87] . Canopy-cover was systematically measured in each plot to confirm and refine class definitions, and the geographic location was recorded using a Garmin GPSmap 62sc left averaging at the plot center. Soil depth was measured randomly in each plot quadrant to a depth of 3 m and soil samples were extracted at the plot-center using a cylindrical open-faced soil corer at depths of 0-15, 15-30, 30-50, 50-100, and 100-150 cm. In total, 51 carbon plots were established within mapped mangrove strata (Figure 2) .
Following fieldwork, tree diameter and height measurements were used as input in allometric equations to calculate above-ground biomass and subsequently estimate carbon stocks. Equations were selected following a thorough review of the literature and expert advice ( Table 2 ). The below-ground biomass of trees was calculated with a generalized equation presented in Komiyama et al. [88] . Carbon concentrations of 0.47 and 0.39 were used to convert live above-and below-ground biomass, respectively, to carbon mass (Mg C ha
). The biomass of standing dead wood was calculated depending on assigned decay classes ( ).
Results and Discussion
Overview of Existing Mangrove Coverage and Assessment of Long-Term Dynamics
Comparisons of existing mangrove data-sets confirmed that national-level maps produced by the USGS (i.e., [58] ) provided the most representative estimates of Mahajamba Bay's mangroves. The USGS maps focused solely on mangroves and provided reasonably contemporary (i.e., 2010) coverage. All other national-level maps represented multiple ecosystem types and time periods nearly or more than 10 years earlier. Further details regarding comparisons between Madagascar's existing national-level mangrove data-sets are available in Giri and Muhlhausen [57] and Jones et al. [56] . Analysis of the USGS maps indicated that from 1990 to 2000, Mahajamba Bays' mangroves decreased by 201 ha (0.7%) and exhibited no detectable gain. In contrast, from 2000 to 2010, 1050 ha were lost (3.8%) and 150 gained (0.5%) (Figure 4) . Results suggest that the installation of substantial aquacultural infrastructure in the early 1990s (Figure 4 : bottom center) by AQUALMA did not directly result in ha-level mangrove conversion (i.e., deforestation). Compared with other primary mangrove ecosystems in Madagascar (e.g., Ambaro-Ambanja Bays, see Jones et al. [56] ), Mahajamba Bay's mangroves have remained comparatively stable. Comparisons with terrestrial data (i.e., [66] ) show that losses in the terrestrial forests surrounding Mahajamba Bay outpaced those of its mangroves from 1990 to 2000, and from 2000 to 2005 alone, terrestrial loss was greater than mangrove loss from 2000 to 2010. While lower than loss in surrounding terrestrial forests and comparatively lower than loss in other mangrove ecosystems, the deforestation of Mahajamba Bay's mangroves does appear to be increasing, occurring mainly in the east since 2000. Contextual socioeconomic research confirmed that five communes out of the six surrounding Mahajamba Bay exhibited potentially significant deforestation drivers (i.e., charcoal production and commercial timber exploitation). While extraction has traditionally been for self-consumption (e.g., building domiciles, boats, fencing), since 2000, commercial mangrove exploitation has increasingly contributed to deforestation. The growing demand from the nearby cities of Mahajanga and Sofia seems to be the primary contributor to the emergence of large-scale commercial timber exploitation in the eastern part of the Bay. In the south of the Bay, small-scale timber exploitation to supply rural towns prevails.
Class Separability and Image Classification Results
Results show that all mapped classes are spectrally separable using specific Landsat bands ( Figure 5 ). In particular, the established spectral properties of vegetation in the near-infrared (NIR) and short-wave infrared (SWIR) were useful for differentiating between mangrove types, and for distinguishing mangroves from other mapped classes. In band 4 (0.76-0.90 micrometers (µm)), the spectral separability of mangrove classes was likely driven by the variable reflectance in the NIR associated with the transitional red-edge, internal vegetation structure, and leaf dry-matter content [15, 53, 95, 96] . In SWIR bands 5 (1.55-1.75 µm) and 7 (2.08-2.35 µm), differences in vegetation and soil moisture content and canopy-level biogeochemical constituents likely drove mangrove differentiation [97] . In addition to differentiation between mangrove types, these results support previous work demonstrating that the SWIR wavelengths help further differentiate mangroves from terrestrial vegetation [56, 98] . Additional differences between mangrove types were also observed in visible bands 1 (i.e., blue: 0.45-0.52 μm), 2 (i.e., green: 0.53-0.61 μm), and 3 (i.e., red: 0.63-0.69 μm).
ML classification results indicate a total of 45,107 ha of mangroves within the AOI (Figure 6 ). Overall map accuracy was 98.6% (Kappa 0.9), with all mangrove classes mapped with producer's and user's accuracies ≥90% (Table 3) . While confusion with other vegetation classes (e.g., terrestrial forest types) has been reported as a common source of classification error [43] , our results indicate that this was mostly avoided. Through comparison, it is clear that our classification results provide a more detailed and comprehensive representation of Mahajamba Bay than the single-class mangrove coverage provided by the USGS national-scale maps (Figure 7) . While the USGS maps provide an unprecedented suite of multi-date mangrove coverage, they imply 27,202 ha of mangroves, leaving out upwards of 18,000 ha of mangroves which are either naturally lower stature or comparatively sparse due to degradation. This underrepresentation can exaggerate dynamics, as areas indicating loss may actually represent degraded mangroves. For instance, field observations indicate that some areas identified as deforested through analysis of the USGS maps were actually occupied by degraded mangroves reflecting the impact of cyclones. In addition, given their single-class nature, the USGS maps provide no context regarding surrounding land-cover categories, including areas that once were or could again become mangrove ecosystems (e.g., mud flats (i.e., tannes), represented by exposed soil/mud). Collectively, these shortcomings highlight the importance of conducting detailed localized mapping. 
Ecological Characteristics of Mapped Mangrove Types
Tree measurements summed at the plot-level allowed for summarizing the primary forest characteristics of mapped mangrove classes (Table 4) . Open-canopy III plots were comprised of sparse and mostly stunted low stature shrub-dominated stands with very open canopies. Open-canopy I and II plots were primarily comprised of moderately-dense stands of medium stature trees with relatively open canopies. Closed-canopy I and II were typified by high stature trees exhibiting variable density but with well-formed closed canopies. Exceptions to these typical ecological characteristics include extremely dense medium/near-tall stands which can spectrally appear as closed-canopy I and/or II. In (panels A, B) . The under-representation of lower-stature, comparatively sparse mangroves and surrounding land-cover categories in the USGS data-set is shown in panel B.
Within all mangrove classes except open-canopy III, degradation was observed within some plots. The extent of natural versus anthropogenic degradation throughout the AOI remains uncertain, though inventories of standing dead trees in plots, which are indicative of the long-term influence of major disturbance events (e.g., cyclones), suggest natural degradation is more prevalent. Whether naturally induced or resulting from anthropogenic exploitation, accurately detecting and tracking subtle modification (i.e., degradation) remains a vexing challenge. The sub-pixel change in forest appearance is difficult to accurately measure using remotely sensed data of moderate spatial resolution (i.e., Landsat). While the use of finer spatial resolution imagery (e.g., WorldView-2 and QuickBird) holds much promise for distinguishing tree-level degradation, these data remain costly and can rarely provide wall-to-wall coverage over large areas for dates of interest. Exploring the fusion of other data-sets (e.g., radar; LiDAR) with readily available Landsat imagery holds particular promise, though access is also currently limited. With the additional explanatory power provided by fusing multiple data-sets, existing classes could be further partitioned to account for degradation. However, confidently differentiating between natural versus anthropogenic degradation would remain a challenge. Factoring in the mangrove class limitations, observations in our network of plots confirmed that these broad canopy-cover classes are spectrally distinct and ecologically rational. In addition, while mapping based on canopy closure is a major topic of research for terrestrial forests and previous studies have shown that extremely closed-canopies are associable with higher stature trees (e.g., [99] ), our results contribute to what Heumann [43] summarizes as a comparative dearth of mangrove canopy-closure studies. 
Carbon Stock Estimates of Mapped Mangrove Types
Estimates of carbon calculated based on measurements within 51 systematically sampled plots were scaled to the hectare level (Table 5 , Figures 2 and 8) . Total vegetation (i.e., above-and below-ground) carbon stock estimates, which varied from 2.97 to 279.49 Mg C ha Figure 9A ). This can be explained by a disproportionate prevalence of higher stature trees in Mahajamba Bay, which is likely influenced by a comparatively greater distance from the sea. In contrast, the similar ecological characteristics of the open-canopy classes were reflected in their comparable carbon stock estimations.
Across East Africa, mangrove species composition and zonation follow similar patterns, which is reflected in comparable carbon stock estimates ( Figure 9B ). Throughout Mozambique, mean carbon stock estimates have been found to vary greatly [72] , [37] ). The estimated vegetation carbon stocks of Mahajamba Bay fall within the range of the Mozambique data, with the observed variances most likely a result of differences in forest stature across classes and study areas.
Greater variation was observed when comparing vegetation carbon stocks with mangroves outside of the Western Indian Ocean, which was likely due to environmental variability over greater spatial scales. Carbon stock estimates for Mexico as described in Adame et al. [102] appeared lower (31.9 ± 10.9 Mg C ha in the Republic of Palau [87] . While these results contribute to numerous studies which have estimated the above-and below-ground biomass of mangrove trees (e.g., [17, 18, 37, ), the soil stores most of the carbon in mangrove ecosystems and thus soil carbon is important to include in further analyses [14, 56, 86, 87, 99, [111] [112] [113] [114] [115] [116] [117] [118] [119] [120] [121] [122] [123] [124] . Until very recently, existing soil analysis facilities in Madagascar were only able to provide soil organic carbon (SOC) results based on the conservative Walkley-Black (WB) methodology [89, [128] [129] [130] [131] . As of January 2015, a new soil analysis lab capable of undertaking loss on ignition (LOI) is operational at the University of Antananarivo. Once LOI analysis of samples extracted from all plots as described in this study is complete, results are expected to build on previous studies [56, 100] which conservatively demonstrate the high SOC content for Madagascar's mangroves.
Conclusions
Our contemporary map provides detailed and accurate coverage of mangrove types and surrounding land-cover categories, closing a temporal gap and offering numerous improvements over existing data-sets. This contemporary map facilitated partitioning Mahajamba Bay's mangroves in an ecologically meaningful manner and systematically sampling carbon stocks. While the carbon stock estimates presented in this study are limited to above-and below-ground vegetation, they are consistent with other regional estimates and demonstrate the significance of Mahajamba Bay toward climate change mitigation. With new soil analysis facilities operational at the University of Antananarivo, the completed analysis of our soil samples is expected to drastically increase these estimates. Collectively, these results support ongoing initiatives investigating the feasibility of mangrove carbon financing projects and other payments for ecosystem services (PES) schemes.
While deforestation is increasing in Mahajamba Bay, net loss is less than in many of Madagascar's other mangrove ecosystems. However, drivers leading to widespread deforestation elsewhere (e.g., charcoal production, timber extraction) are increasingly evident. The continuation and acceleration of this loss will compromise if not discontinue many critical ecosystem services. In addition, there is great risk for ripple effects which negatively influence surrounding and closely linked marine and terrestrial ecosystems. Intervention is required to avoid the rapid depletion of mangroves experienced in other Madagascan forests such as the Ambaro-Ambanja Bay complex (see Jones et al. [100] ), where about 1653 ha of mangrove were lost between 2000 and 2010, mainly as a result of overexploitation for charcoal production. The first step toward mitigating mangrove deforestation is quantifying the extent of and contextualizing the reasons for and consequences of loss. Here, we have advanced this agenda by quantifying and contextualizing dynamics, and presenting a contemporary localized map of ecologically meaningful mangrove types and their carbon stock estimates. measurements. Additional thanks also to Kate England (Blue Ventures) for socio-economic context and to Holy Andriamitantsoa and Tina Haingonirina (University of Toliara: Institute of Fisheries and Marine Science) for contributions towards field missions. Additional thanks to two extremely helpful anonymous reviewers.
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